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Abstract

In this paper, a feature extraction method that is robust to additive background noise is proposed for automatic speech
recognition. Since the background noise corrupts the autocorrelation coefficients of the speech signal mostly at the lower-
time lags, while the higher-lag autocorrelation coefficients are least affected, this method discards the lower-lag autocorre-
lation coefficients and uses only the higher-lag autocorrelation coefficients for spectral estimation. The magnitude spectrum
of the windowed higher-lag autocorrelation sequence is used here as an estimate of the power spectrum of the speech
signal. This power spectral estimate is processed further (like the well-known Mel frequency cepstral coefficient (MFCC)
procedure) by the Mel filter bank, log operation and the discrete cosine transform to get the cepstral coefficients. These
cepstral coefficients are referred to as the autocorrelation Mel frequency cepstral coefficients (AMFCCs). We evaluate
the speech recognition performance of the AMFCC features on the Aurora and the resource management databases
and show that they perform as well as the MFCC features for clean speech and their recognition performance is better
than the MFCC features for noisy speech. Finally, we show that the AMFCC features perform better than the features
derived from the robust linear prediction-based methods for noisy speech.
© 2006 Elsevier B.V. All rights reserved.
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1. Introduction

A speech recogniser is trained in a given acoustic
environment and deployed (or, tested) normally in
a different environment; thus, there is always a mis-
match in the training and test environments. This
mismatch causes a drastic degradation in speech
recognition performance. One of the major factors
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responsible for the mismatch between the training
and test environments is additive background noise
(uncorrelated to speech) (Juang, 1991; Gong, 1995).
A number of methods have been proposed in the lit-
erature to overcome this environmental mismatch
problem. These include robust feature extraction
methods (Ghitza, 1986; Mansour and Juang, 1989;
Paliwal and Sondhi, 1991; Paliwal and Sagisaka,
1997), speech enhancement methods (Kim et al.,
2003; Hermus and Wambacq, 2004), feature compen-
sation methods (Hermansky and Morgan, 1994;
Stern et al., 1996), multi-band methods (Bourlard
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and Dupont, 1996; Tibrewala and Hermansky,
1997), missing feature methods (Lippmann, 1997;
Cooke et al., 1997; Raj et al., 2004), and model com-
pensation (and adaptation) methods (Gales and
Woodland, 1996; Bellegarda, 1997; Lee, 1998).

The focus of this paper is on robust feature
extraction for speech recognition. We are interested
in developing a feature extraction method that can
deal with the additive background noise distortion
in a robust manner. Here, we are given a frame of
the observed (noisy) signal x(n), n=0,1,....N — 1,
for analysis, where N is the frame length (in number
samples). This can be expressed as

x(n) = s(n) +d(n), (1)

where s(n) is the clean speech signal and d(n) is the
background noise signal.! Our aim is to extract rec-
ognition features from the noisy speech signal x(n)
in such a manner that they capture the spectral
characteristics of the clean speech signal s(n) accu-
rately and are least affected by the noise d(n).

The Mel-frequency cepstral coefficients (MFCCs)
are perhaps the most widely used features in the
current state-of-the-art speech recognition systems
(Rabiner and Juang, 1993; Huang et al., 2001). In
MFCC feature extraction (Davis and Mermelstein,
1980), the noisy signal x(n) is processed in terms of
the following steps: (1) Perform short-time Fourier
analysis of the signal x(n) using a finite-duration win-
dow (such as a 32 ms Hamming window) and use the
periodogram method (Kay, 1988) to compute the
power spectral estimate P, (w) of the signal x(n),
(2) apply the Mel filter bank to the power spectrum
ﬁxx(co) to get the filter-bank energies, and (3) com-
pute discrete cosine transform (DCT) of the log
filter-bank energies to get the MFCCs. The MFCC
features perform reasonably well for the recognition
of clean speech, but their performance is very poor
for noisy speech. This happens because the periodo-
gram-based power spectral estimate used in MFCC
computation gets severely affected by the additive
background noise and this degrades the recognition
performance of MFCC features for noisy speech.

In the present paper, we use the autocorrelation
domain processing for robust estimation of power
spectrum from noisy speech. The autocorrelation

! We denote the power spectrum of the noisy signal x(n) by
P, () and its autocorrelation function by r,(n). Similarly, for
the clean signal s(n), the corresponding symbols are P (w) and
r(n), respectively. For the noise signal d(n), these symbols are
P,A®) and r,n), respectively.

function of a signal is related to the signal’s power
spectrum through the Fourier transform (Kay,
1988) and it has the following two attractive proper-
ties: (1) Additivity property: If the two signals are
uncorrelated, the autocorrelation function of their
sum is equal to the sum of their autocorrelation
functions. Thus:

Fo(n) = rg(n) + raa(n), (2)

as s(n) and d(n) are uncorrelated signals. (2) Robust-
ness property: The autocorrelation function of the
white random noise signal is zero everywhere except
for the zeroth time-lag (Kay, 1979). For broadband
noise signals, it is mainly confined to lower-time-
lags and is very small or zero for higher-time-lags
(Mansour and Juang, 1989). As a result, the addi-
tive noise d(n) does not affect the higher-lags of
the autocorrelation function. Thus the higher-lag
autocorrelation coefficients are relatively robust to
additive noise distortion.

Because of these attractive properties, the auto-
correlation domain processing has been used in
the past for autoregressive (AR) spectral estimation
(or, linear prediction (LP) analysis) of the noisy
signals. The initial effort in this direction was based
on the use of high-order Yule-Walker equations
(Gersch, 1970; Chan and Langford, 1982), where
the autocorrelation coefficients that are involved
in the Yule-Walker equation set exclude the zero-
lag coefficient. Other similar methods have been
used that either avoid the zero-lag coefficient (Cad-
zow, 1982; Paliwal, 1986a; Paliwal, 1986b; Paliwal,
1986¢; McGinn and Johnson, 1989), or reduce the
contribution of the first few coefficients (Mansour
and Juang, 1989; Hernando and Nadeu, 1997).
All of these techniques are based on all-pole model-
ling of the causal part of the autocorrelation
sequence of signal x(n). Two of these techniques
(Mansour and Juang, 1989; Hernando and Nadeu,
1997) have been used to extract the cepstral coeffi-
cient features for speech recognition and found to
provide some robustness to noise, but their recogni-
tion performance for clean speech is worse than the
conventional linear prediction cepstral coefficient
(LPCC) features (Hernando and Nadeu, 1997).

In the present paper, we propose a robust feature
extraction method based on autocorrelation domain
processing.” Since the broadband noise distortion

2 We have reported the preliminary results about this method
earlier in conferences (Shannon and Paliwal, 2004; Shannon and
Paliwal, 2005).



Download English Version:

https://daneshyari.com/en/article/568973

Download Persian Version:

https://daneshyari.com/article/568973

Daneshyari.com


https://daneshyari.com/en/article/568973
https://daneshyari.com/article/568973
https://daneshyari.com

